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24 The aim of this study was to detect genomic region(s) associated with metabolic clusters in 
25 early-lactation Holstein cows. Blood metabolites (experiment I) and Fourier-transform mid-
26 infrared (FT-MIR) spectra of milk (experiment II) were used to predict metabolic clusters 
27 (BALANCED vs. OTHER) for, respectively, 105 and 4,267 Holstein dairy cows. The results 
28 of experiment I revealed eight SNPs (on BTA11, BTA23 and BTAX) associated with the 
29 predicted metabolic clusters. Considering the results of experiment II, it can be concluded 
30 that metabolic clusters predicted based on FT-MIR spectra in milk samples collected during 
31 early lactation, is a highly polygenic trait regulated by many small-sized effects. The 
32 heritability for the predicted metabolic clusters was 0.17, indicating that the use of FT-MIR 
33 spectra in milk to predict metabolic clusters in early-lactation across a large number of cows 
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45 GENOME-WIDE ASSOCIATION FOR METABOLIC CLUSTERS IN EARLY-
46 LACTATION HOLSTEIN DAIRY COWS
47 ABSTRACT
48 The aim of this study was to detect genomic region(s) associated with metabolic clusters in 
49 early-lactation Holstein cows. This study was carried out in two experiments. In experiment 
50 I, which was carried out on 105 multiparous Holstein cows, k-means clustering on log-
51 transformed and standardized concentrations of blood glucose, insulin like growth factor I, 
52 free fatty acids, and β-hydroxybutyrate at 14 and 35 days in milk (DIM) was used to classify 
53 animals in metabolic clusters (BALANCED vs. OTHER). Forty percent of the animals were 
54 categorized in the BALANCED group, while the remainder ended up in the OTHER 
55 category. The cows were genotyped for a total of 777,962 single nucleotide polymorphisms 
56 (SNPs). A genome-wide association study was done using a case–control approach through 
57 the GEMMA software accounting for population structure. There were eight SNPs (BTA11, 
58 BTA23 and BTAX) associated with the predicted metabolic clusters. In experiment II, 
59 carried out on 4,267 second-parity Holstein cows, milk samples collected starting from the 
60 first week until 50 DIM were used to determine Fourier-transform mid-infrared (FT-MIR) 
61 spectra and subsequently to classify the animals in the same metabolic clusters 
62 (BALANCED vs. OTHER). Twenty-eight percent of the animals were categorized in the 
63 BALANCED group, while the remainder ended up in the OTHER category. Although daily 
64 milk yield was lower in BALANCED cows, there was no difference in daily fat- and protein-
65 corrected milk yield in cows from the BALANCED metabolic cluster compared with those 
66 belonging to the OTHER metabolic cluster. In the next step, a single-step genomic BLUP 
67 was used to identify genomic region(s) associated with the predicted metabolic clusters. The 
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68 results revealed that the prediction of metabolic clusters is a highly polygenic trait regulated 
69 by many small-sized effects. The region of 36,258 to 36,295 kb on BTA27 was the highly 
70 associated region for the predicted metabolic clusters, with the closest genes to this region 
71 (ANK1 and miR-486) being related to hematopoiesis, erythropoiesis, and mammary gland 
72 development. The heritability (SD) for metabolic clustering was 0.17 (0.03), indicating that 
73 the use of FT-MIR spectra in milk to predict metabolic clusters in early-lactation across a 
74 large number of cows has a satisfactory potential to be included in the genetic selection 
75 program of modern dairy cows.














Page 4 of 40
ScholarOne support: (434) 964 4100




91 The transition period, defined as the last three weeks before and the first three weeks after 
92 calving, is critically important to health, production, and profitability of dairy cows 
93 (Drackley, 1999, LeBlanc, 2010). The early-lactation cow needs comprehensive adaptive 
94 reactions to cope with the challenges caused by the transition from the pregnant, non-
95 lactating state to the non-pregnant, lactating state (Bell, 1995, Goff and Horst, 1997, Esposito 
96 et al., 2014). Dry matter intake (DMI) starts to decrease a few weeks before parturition 
97 where its lowest level occurs at calving (Bell, 1995, Ingvartsen and Andersen, 2000). 
98 Although most cows rapidly increase DMI in the first weeks after calving (Ingvartsen and 
99 Andersen, 2000), high-yielding dairy cows enter a state of negative energy balance (NEB) 
100 around calving when the energy demand for maintenance and lactation exceeds the dietary 
101 intake potential (Bauman and Currie, 1980, Patton et al., 2006, Alawneh et al., 2012). The 
102 NEB results in a mobilization of body reserves to provide energy requirements for milk 
103 synthesis (Van der Drift et al., 2012). Although lipid mobilization is a normal and necessary 
104 process in the metabolic adaptation to support lactation, many health disorders are associated 
105 with uncontrolled lipid mobilization (Contreras et al., 2018). Increased levels of metabolic 
106 and infectious disorders (mastitis, ketosis, fatty liver, hypocalcemia, and retained placenta) 
107 and decreased reproductive performance (anestrus, decreased conception rate, and delayed 
108 reproduction) have been linked with longer and more severe periods of NEB (Drackley, 
109 1999, Collard et al., 2000, LeBlanc, 2010).
110 The ability of the animal to cope with the NEB in the transition period varies considerably 
111 between individuals and may be partly explained by the genetic background of animals 
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112 (Kessel et al., 2008, Liinamo et al., 2012, Spurlock et al., 2012, Pryce et al., 2016). 
113 Although, some countries have already initiated genetic evaluation of metabolic disorders, 
114 there are opportunities to use predictor traits and genomic information to strengthen genetic 
115 evaluations for metabolic health in dairy cows. Challenges such as lack of a standard 
116 recording system and an accurate data collection, difficulty in diagnosing subclinical cases 
117 and in determining economic values for metabolic disorders, are among the reasons why 
118 interest is growing in using easily measurable predictors of metabolic diseases, either 
119 recorded on-farm by using sensors and milk tests or off-farm using data collected from 
120 routine milk recording (Zwald et al., 2004, Pryce et al., 2016). Clustering early-lactation 
121 cows based on different blood or milk metabolites can be used as an effective way to group 
122 individual cows based on their ability to cope with the altered metabolic challenges of 
123 lactation (De Koster et al., 2019). This clustering methodology can be used as a diagnostic 
124 or a herd management tool but, on a larger scale, can also be used to identify superior animals 
125 with a high genetic value for targeted breeding purposes. Metabolic imbalance is defined as 
126 ‘a condition where the regulatory mechanisms are insufficient for the animals to function 
127 optimally leading to a high risk of digestive, metabolic and infectious problems’ (Ingvartsen, 
128 2006). Elevated levels of free fatty acids (FFA) and β-hydroxybutyrate (BHB), and 
129 decreased levels of glucose and insulin like growth factor I (IGF-I) are reported as blood 
130 biomarkers of metabolically imbalanced cows (Ingvartsen et al., 2003, Puppel and 
131 Kuczynska, 2016). 
132 Although physiological adaptations of dairy cows in the transition period are well described, 
133 knowledge about the genetic background still remains insufficient (Bell and Bauman, 1997, 
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134 Drackley et al., 2005). Genome-wide association studies (GWAS) provide a fine mapping 
135 strategy for underlying genetic background of complex traits in humans, animals and plants 
136 (Zhang et al., 2012, Wang et al., 2015a). The aim of the present study was to use GWAS to 
137 identify genetic markers linked with metabolic clusters in early-lactation Holstein cows. In 
138 order to predict metabolic clusters of animals we used blood metabolites (experiment I) and 
139 Fourier-transform mid-infrared (FT-MIR) spectra of milk (experiment II). 
140
141 MATERIALS AND METHODS
142 EXPERIMENT I
143 Animals and phenotype
144 The data in experiment I were collected as part of the Genotype plus Environment (GplusE) 
145 FP7-Project (http://www.gpluse.eu). Detailed description of the experiments, laboratory 
146 analysis, phenotypic data and the k-means clustering methodology are explained in De 
147 Koster et al. (2019). In short, a total of 105 multiparous Holstein dairy cows from four 
148 research herds (Aarhus University, Denmark; UCD Lyons Research farm, University 
149 College Dublin, Ireland; Agri-Food and Biosciences Institute, Northern Ireland, UK; and 
150 Leibniz Institute for Farm Animal Biology, Germany) were combined. Glucose, IGF-1, FFA 
151 and BHB concentrations were determined in blood samples taken around 14 and 35 DIM as 
152 described in Foldager et al. (2019). K-means clustering based on the log-transformed and 
153 standardized blood metabolite concentrations (mean = 0 and SD = 1) was used to describe 
154 metabolic profile of the included cows. The cluster of cows with high concentrations of 
155 glucose and IGF-I and low concentrations of FFA and BHB at 14 and 35 DIM was defined 
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156 as a BALANCED metabolic cluster and was compared with OTHER. The mean glucose 
157 (mM), IGF-I (ng/mL), FFA (mM) and BHB (mM) values for BALANCED cows at 14 DIM 
158 were 3.62, 121.66, 0.52, and 0.44, respectively. The corresponding values for cows 
159 belonging to the OTHER cluster were 3.28, 49.63, 0.81, and 0.71, respectively.
160
161 Genome-wide association study
162 All cows were genotyped using Illumina BovineHD BeadChip for a total of 777,962 SNPs 
163 (San Diego, CA, USA). Quality control for markers was done using PLINK (Purcell et al., 
164 2007). SNPs with no position information, call rate less than 95%, minor allele frequency 
165 less than 5% or a Hardy-Weinberg equilibrium P value less than 6.4 × 10-8 were excluded. 
166 Single SNP association analysis was performed using a mixed model approach in GEMMA 
167 software (Zhou and Stephens, 2012). GEMMA implements the genome-wide efficient 
168 mixed model association algorithm and accounts for population stratification. The centered 
169 relatedness matrix was calculated from all genotypes. The association test was then 
170 performed with phenotype, genotype and the centered relatedness matrix files using a 
171 univariate linear mixed model. Each SNP was fitted as a covariate and the likelihood ratio 
172 test was used for each SNP against the null hypothesis of g = 0 using the following statistical 
173 model.
174 y = Wα + xβ + u + ε
175 Where y is a n × 1 vector of phenotype values for all individuals (the predicted metabolic 
176 clusters and concentrations of BHB, glucose, IGF-1, and FFA); W is an n × c matrix of 
177 covariates (fixed effects containing herd, parity and the mean); α is an c × 1 vector of the 
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178 corresponding coefficients including the intercept; x is an n × 1 vector of genotypes of a 
179 marker at the locus tested; β is the effect size of the marker; u is a n × 1 vector of random 
180 polygenic effects with a covariance structure as u∼ N(0, KVg), where K is an n × n marker 
181 based additive genetic relatedness matrix and Vg is the polygenic additive variance; and ɛ is 
182 an n × 1 vector of residual errors with ɛ∼ N(0, IVe), where I is an n × n identity matrix and 
183 Ve is the residual variance. The thresholds of the Bonferrooni corrected P values for 
184 suggestive and 5% genome-wide significance association were set as 1.74 × 10-6 (1 divided 
185 by the number of SNPs) and 8.68 × 10-6 (0.05 divided by the number of SNPs), respectively 
186 (Lander and Kruglyak, 1995). 
187
188 EXPERIMENT II
189 Animals and phenotype
190 Data in the experiment II were collected as part of Work Package 4 from the Genotype plus 
191 Environment (GplusE) FP7-Project (http://www.gpluse.eu). This experiment was done on 
192 4,267 second-parity Holstein cows with calving year 2015 to 2018, distributed over 50 herds 
193 in Belgium and the Netherlands. De Koster et al. (2019) compared different models to 
194 predict the metabolic clusters of early lactation dairy cows using milk metabolites or Fourier-
195 transform mid-infrared (FT-MIR) spectra of milk and reported that the use of FT-MIR 
196 spectra had a high accuracy to predict metabolic clusters of individual cows. A detailed 
197 description of the procedure is explained in De Koster et al. (2019). In short, milk samples 
198 were collected starting from the first week in milk until 50 days in milk (DIM) and FT-MIR 
199 spectra of samples were determined. Then, FT-MIR spectra were used to divide animals into 
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200 either BALANCED (cow with a favourable metabolic profile; n=1,201, 28%) or the OTHER 
201 group (n=3,066, 72%).
202
203 Genotypic data
204 Individuals (n=31,895) were genotyped using the BovineLD (n=20,462), Bovine SNP50K 
205 (n=10,638) or BovineHD SNP panel (795 animals). Genotypes of animals were imputed to 
206 HD with a reference population of 795 HD individuals (46 males and 749 females) using 
207 FImpute V2.2 software (Sargolzaei et al., 2014). In total 12,367 out of 31,895 genotyped 
208 individuals, had either phenotypic data or were in the pedigree file which were used in the 
209 subsequent association analysis (the number of animals with records was 4,267, the number 
210 of animals with records and with genotypic data was 3,725, the number of animals with 
211 records and no genotypes was 542, and the number of animals with genotypes and no records 
212 was 8,642). Quality control was performed on th  imputed data and SNPs with minor allele 
213 frequency less than 5% were excluded. After genomic data quality control, 566,345 out of 
214 730,539 SNPs were available for the association analysis.
215
216 Association between the predicted metabolic clusters and production performance
217 The association of 305-d milk yield and the predicted metabolic clusters was determined 
218 using a linear mixed model through the inclusion of herd-year-season of calving (HYS), 
219 metabolic clusters (BALANCED and OTHER), covariate effects of age at first calving 
220 (FCA) in both linear and quadratic forms, and random effect of dam’s sire. The association 
221 of production traits including daily milk yield, daily fat- and protein- corrected milk (FPCM) 
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222 yield, milk fat percentage, milk protein percentage, daily fat yield, daily protein yield, daily 
223 fat + protein yield, fat to protein ratio, and milk somatic cell score (SCS) during the entire 
224 lactation with the predicted metabolic clusters was investigated using linear mixed models. 
225 Linear mixed models were constructed with week postcalving as a repeated observation 
226 within the random factor cow. Interaction effects were removed from the model if 
227 nonsignificant (P> 0.05). Multiple testing correction was done using Tukey’s post hoc test 
228 and significance was declared at P < 0.05 (R Core Team, 2017).
229
230 Variance component estimation
231 Pedigree information was collected for all phenotyped animals and contained a total of 
232 43,181 individuals (12,367 and 4,267 out of 43,181 animals had genotype and phenotype 
233 data, respectively). The variance components were estimated by Bayesian inference, 
234 considering a linear single trait animal model. Th  linear model included HYS as systematic 
235 effect, covariate effects of FCA in both linear and quadratic forms, DIM and milk yield at 
236 sampling as well as animal direct genetic effect and residual effect as random effects. The 
237 complete model can be represented as follows:
238 yij = µ + HYSi +  b1(FCAj) + b2(FCAj)2 +  b3(DIMj) +   b4(milkj) + aj + eij
239 where yij represents the response variable of animal j (BALANCED vs. OTHER metabolic 
240 cluster), µ is the overall mean, HYSi is the fixed effect of ith herd-year-season of calving, b1 
241 and b2 are the linear and quadratic regression coefficients of the dependent variable on the 
242 age at first calving, FCAj is the age at first calving of jth cows, b3 and b4 are the linear 
243 regression coefficients of the dependent variable on the DIM and milk yield at sampling, 
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244 DIMj and milkj are, respectively, DIM and milk yield at sampling on jth cow, aj is the additive 
245 genetic effect, and eij is the random residual error. The additive genetic and residual 
246 variances were obtained as follows:
247 var[𝐚𝐞] = [𝐇σ2a         00         𝐈σ2e ]
248 where , and  are, respectively, total additive genetic and residual variances, a is the 𝜎2𝑎 𝜎2𝑒
249 vector of direct additive genetic effects, e is a vector of residual effects, and H is a matrix 
250 that combines pedigree and genomic relationships, and its inverse consists on the integration 
251 of additive and genomic relationship matrices, A and G, respectively (Aguilar et al., 2010):
252 𝐇 ―1 =  𝐀 ―1 +  [ 0                       00      𝐆 ―1 ― 𝐀 ―122 ]
253 where A is the numerator relationship matrix based on pedigree for all animals; A22 is the 
254 numerator relationship matrix for genotyped animals; and G is the genomic relationship 
255 matrix which was obtained using following function described by VanRaden (2008).
256 𝐆 =  
𝐙𝐃𝐙′
∑M
i = 12pi(1 ― pi)
257 where Z is a matrix of gene content adjusted for allele frequencies (0, 1 or 2 
258 for aa, Aa and AA, respectively); D is a diagonal matrix of weights for SNP variances 
259 (initially D = I); M is the number of SNPs, and pi is the minor allele frequency of ith SNP. 
260 The H matrix was built scaling G based on A22 considering that the average of diagonal of 
261 G is equal to average of the diagonal of A22 and, the average of off-diagonal G is equal to 
262 average off-diagonal A22. The analysis, consisted of a single chain of 350,000 cycles with a 
263 burn-in of 100,000 cycles, taking a sample every 50 iterations, was performed using 
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264 THRGIBBS1F90 (Misztal et al., 2002). Chain convergence was assessed by visual 
265 inspection. The posterior estimates were obtained retrospectively using the POSTGIBBSF90 
266 program (Misztal et al., 2002).
267
268 Single step genome-wide association study (ssGWAS)
269 The analyses were performed using the weighted single-step GWAS methodology (Wang et 
270 al., 2012) considering the same linear animal model used to estimate the (co)variance 
271 components before mentioned. The animal effects were decomposed into those for 
272 genotyped (ag) and ungenotyped animals (an). The animal effects of genotyped animals are 
273 a function of SNP effects, , where Z is a matrix relating genotypes of each locus and 𝑎𝑔 = 𝑍𝑢
274 u is a vector of SNP marker effect. The variance of animal effects was assumed as:
275 𝐕𝐚𝐫(𝐚𝐠) = 𝐕𝐚𝐫 (𝐙𝐮) = 𝐙𝐃𝐙′𝛔𝟐𝐮 =  𝐆 ∗ 𝛔𝟐𝐚
276 Where D is a diagonal matrix of weights for variances of markers (D = I for GBLUP),  is 𝜎2𝑢
277 the genetic additive variance captured by each SNP marker when the weighted relationship 
278 matrix (G*) was built with no weight. 
279 The SNP effects were obtained using following equation:
280 𝐮 = 𝛌𝐃𝐙’ 𝐆 ∗ ―𝟏𝐚𝐠 = 𝐃𝐙’[𝐙𝐃𝐙’] ―𝟏𝐚𝐠







𝐢 = 𝟏𝟐𝐩𝐢(𝟏 ― 𝐩𝐢)
283 M is the number of SNP and pi is the frequency of the second allele in the ith SNP. The 
284 following iterative process described by Wang et al. (2012) was used to estimate the SNP 
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285 effects. 1. D = I in the first step; 2. To calculate the G matrix; 3. To calculate GEBVs for 
286 entire data set using ssGBLUP; 4. To convert GEBVs to SNP effects (û): ; 𝐮 = 𝛌𝐃𝐙’ 𝐆 ∗ ―𝟏𝐚𝐠
287 5. To calculate the variance of each SNP: , where i is the ith SNP; 6. To 𝐝𝐢 = 𝐮𝟐𝐢 𝟐𝐩𝐢(𝟏 ― 𝐩𝐢)
288 normalize SNP weights to remain the total genetic variance constant; exit or loop to step 2. 
289 The effects of markers were obtained by 2 iterations from step 2 to 6 as proposed by Wang 









293 Where  is genetic value of the ith region that consists of n consecutive SNP (n = 1, 5, 10, 𝑎𝑖
294 15, 20, and 25),  is the total genetic variance, Zj is vector of SNP content of the jth SNP 𝜎2𝑎
295 for all individuals, and  is marker effect of the jth SNP within the ith region. The results uj
296 were presented by the proportion of variance explained by each window of n consecutive 
297 SNP. 
298
299 RESULTS AND DISCUSSION
300 EXPERIMENT I
301 The cows (n=105) were divided either in BALANCED (n=42, 40%) and OTHER (n=63, 
302 60%) metabolic clusters using k-means clustering based on the blood glucose, IGF-1, BHB 
303 and FFA concentration at 14 and 35 DIM. The cows were genotyped for a total of 777,962 
304 SNPs, of which 576,092SNPs passed all quality control measures and were used for the 
305 GWAS analysis.
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306 Manhattan and Q-Q plots of SNPs associated with the predicted metabolic clusters along 
307 with those for the blood metabolites (concentrations of BHB, glucose, IGF-1, and FFA) used 
308 to create the clusters, are presented in Figure 1. Although there was no SNP associated with 
309 the predicted metabolic clusters at the 5% genome-wide significance threshold, there were 
310 eight SNPs (BTA11 (n=2), BTA23 (n=2), BTAX (n=4)) associated at the suggestive 
311 genome-wide significance threshold. The identified SNPs in BTA11 and BTAX were also 
312 associated with IGF-1 at the suggestive genome-wide significance threshold (Figure 1). The 
313 identified SNPs along with their position, and 100 kb flanking genes are presented in Table 
314 1 (Assembly UMD3. 1, annotation release 103). The SNPs identified on BTA11 were 
315 mapped inside QTLs for Immunoglobulin G (IgG) level (Maltecca et al., 2009), body weight 
316 (McClure et al., 2010), and milk alpha-lactalbumin percentage (Zhou et al., 2019). The 
317 immune response profile in transition dairy cows has been addressed in a number of studies 
318 (Herr et al., 2011, Sordillo, 2016). Herr et al. (2011) reported a significant decrease of the 
319 serum IgG level beginning at the 8th week before parturition and recovering by the 4th week 
320 post parturition. The SNP BovineHD1100022178 on BTA11 was mapped inside the 
321 MIR2285AF-1 gene which is a microRNA (miRNA). It has been reported that miRNAs have 
322 important effects on mammary gland development (Piao and Ma, 2012). The SNPs detected 
323 on BTA23, mapped inside genes including LOC101906324, NEDD9, SMIM13, and 
324 LOC104969831, overlap with QTLs for milk fatty acid content (Bouwman et al., 2012), 
325 body weight (Michenet et al., 2016), and dry matter intake (Sherman et al., 2009). Linkage 
326 disequilibrium (LD) analysis was performed between 26 SNPs (on BTAX position 17.2-
327 17.3 Mb) including four SNPs associated with the predicted metabolic clusters. The 
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328 estimated pair-wise r2 values showed that the SNPs identified as associated SNPs for the 
329 predicted metabolic clusters are highly correlated (Figure 2). In conclusion, the aim of this 
330 experiment was to use GWAS to identify genetic markers linked with metabolic clusters in 
331 early-lactation Holstein cows. However, it seems that a bigger sample size is needed for 
332 detecting significant SNPs in a GWAS. Although, k-means clustering based on blood 
333 metabolites can be considered as an interesting method to predict metabolic clusters of 
334 transition dairy cows, the application of this method on a large sample size in order to 
335 perform an accurate GWAS analysis is very challenging and expensive. De Koster et al. 
336 (2019) suggested a method of clustering early-lactation cows based on FT-MIR spectra of 
337 milk to predict metabolic clusters of animals, which was used in experiment II
338
339 EXPERIMENT II
340 In experiment II, milk samples were used to determine FT-MIR spectra and subsequently 
341 predict the metabolic clusters for each animal. The cows (n=4,267) were grouped in either 
342 BALANCED (n = 1,201, 28%) or OTHER (n = 3,066, 72%) metabolic cluster. De Koster et 
343 al. (2019) reported that the use of FT-MIR spectra had a high accuracy (80%) to predict 
344 metabolic clusters of individual cows. Therefore, BALANCED cows were described having 
345 higher concentrations for blood glucose and IGF-I and lower concentration for blood free 
346 fatty acids and BHB compared with OTHER cows. There was a significant association 
347 between the 305-d milk yield and the metabolic clusters (P< 0.05). The average 305-d milk 
348 yield (±SE) for cows belonging to the BALANCED metabolic cluster versus those belonging 
349 to the OTHER metabolic cluster was 9,622 (±51.8) and 9,840 (36.2) kg, respectively. Daily 
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350 milk and protein yields were lower in cows from the BALANCED metabolic cluster 
351 compared with those belonging to the OTHER metabolic cluster. Daily fat yield, daily fat 
352 and protein yield, fat to protein ratio, milk fat percentage, and milk protein percentage were 
353 higher in BALANCED cows cluster compared with those belonging to the OTHER 
354 metabolic cluster, however; there was no difference for milk SCS in BALANCED versus 
355 OTHER cows (Figure 3; Table 2). Although there was no difference for daily FPCM during 
356 the entire lactation, FPCM was higher during early lactation in the BALANCED cows 
357 compared with that for th se in the OTHER metabolic cluster (Table 2; Figure 3). This is in 
358 contrast to the original clustering study (de Koster et al., 2019) which reported no difference 
359 in FPCM in BALANCED cows (n = 43; mean = 38.42 kg) when compared with those 
360 belonging to the OTHER cluster (n = 64; mean = 37.76 kg). van Hoeij et al. (2019), reported 
361 that better metabolic status, as indicated by plasma metabolites, in dairy cows in early 
362 lactation is associated with a greater DMI and EB. Beerda et al. (2004) reported no 
363 significant difference for the adaptive capacity in high-producing cows compared with those 
364 with low-producing.
365 The posterior mean (SD) of heritability estimates for predicted metabolic clusters was 0.17 
366 (0.03), indicating that the genetic variation for the predicted metabolic clusters is large 
367 enough to change it through genetic selection. The heritabilities of DMI and energy balance 
368 (EB) over the entire period of lactation in Nordic Red dairy cattle have been reported to be 
369 0.23 and 0.10, respectively (Liinamo et al., 2012). Spurlock et al. (2012) reported heritability 
370 estimates ranging from 0.27 to 0.63 and 0.12 to 0.49, respectively, for DMI and EB in 
371 Holstein cows. 
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372 In the present study, windows-based GWAS was used to identify genetic marker(s) linked 
373 with metabolic clusters predicted using FT-MIR of milk in early-lactating Holstein dairy 
374 cows. The absence of a universal approach for hypothesis testing is an important challenge 
375 of window-based GWAS (Aguilar et al., 2019), even though it is quite a common procedure 
376 in genetic studies. In window-based GWAS, different window types (distinct or sliding 
377 windows) and variable window sizes (defined as the number of SNPs, or the number of base 
378 pairs) can be used. The common form for declaring importance is to use a threshold on the 
379 additive genetic variance explained by individual windows (Aguilar et al., 2019). However, 
380 it is unclear what window size is optimal and there is no standard to define the threshold on 
381 explained genetic variance (Aguilar et al., 2019). Therefore, determining the proper window 
382 size is usually subjective and researchers often have not justified their choices or sometimes 
383 have acknowledged that their choices are arbitrary (Myles et al., 2008, Beissinger et al., 
384 2015). Han and Peñagaricano (2016) considered 1.5 Mb SNP windows that explained more 
385 than 0.50% of the genetic variance as threshold to declare significance. Suwannasing et al. 
386 (2018) using Porcine SNP60k BeadChip, considered 5-adjacents SNP windows that 
387 explained more than 1% of the total genetic variance as threshold to declare significance. De 
388 Oliveira Silva et al. (2017) using BovineHD SNP panel, considered 50-adjacents SNPs 
389 windows (with an average of 280 kb) that explained more than 0.5% of additive genetic 
390 variance as threshold to declare significance. Fragomeni et al. (2014) reported that small and 
391 large window sizes are accompanied, respectively, with large noise and absence of peaks. 
392 Beissinger et al. (2015) reported that small sliding windows had the most favorable ratio of 
393 detection rate to false-positive rate in comparison to large window sizes. In the present study, 
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394 sliding windows of 1, 5, 10, 15, 20, and 25 consecutive SNPs were used to identify genetic 
395 marker(s) associated with the metabolic clusters in early-lactation Holstein dairy cows and 
396 to determine if the region(s) identified may change depending on the window size (Figure 
397 4). The results of single SNP windows showed small individual SNP variances for the 
398 predicted metabolic clusters (with mean and standard deviation of 1.3× 10-4 and 6.6× 10-8, 
399 respectively), with just 16 individual SNPs explaining more than 0.005% of the additive 
400 genetic variance (35 times more than the mean). The top 16 individual SNPs combined 
401 explained more than 0.09 % of the total additive variance and were mapped on BTA27 in 
402 position 36,258 to 36,295 kb (a region with length < 38,000 bp). The mean genetic variance 
403 explained by an individual 5-adjacents SNP window was 8.4× 10-4. The first and second top 
404 5-adjacents SNP windows explained more than 0.04 and 0.03% of the genetic variance and 
405 were mapped on BTA27 in position 36,265 to 36,271, and 36,259 to 36,264 kb, respectively. 
406 The first and second top 10-adjacents SNP windows explained more than 0.07 and 0.06% of 
407 the genetic variance and were mapped on BTA27 in position 36,258 to 36,268, and BTA20 
408 in position 54,493 to 54,508 kb, respectively. The first and second top 15-adjacents SNP 
409 windows explained more than 0.11 and 0.09% of the genetic variance and were mapped on 
410 BTA27 in position 36,258 to 36,280, and BTA20 in position 54,485 to 54,207 kb, 
411 respectively. The first top 20-adjacents SNP window explained more than 0.15% of the total 
412 additive genetic variance and was mapped on BTA27 in position 36,258 to 36,290 kb. The 
413 second top 20-adjacents SNP window was mapped on BTA20 in position 54,470 to 54,520 
414 kb and explained around 0.09% of the total additive genetic variance. The first top 25-
415 adjacents SNP window explained more than 0.15% of the additive genetic variance and was 
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416 mapped on BTA27 in position 36,258 to 36,296 kb (a region with length < 38,000 bp). All 
417 the top 16 individual SNP identified in the single SNP analysis were presented in this 
418 window. The second top 25-adjacents SNP window was mapped on BTA7 in position 
419 64,537 to 64,568 kb and explained 0.11% of additive genetic variance. The results of 
420 different sliding window sizes showed that the region identified on BTA27 in position 
421 36,258 to 36,295 kb overlaps among all windows sizes considered and can be suggested to 
422 be associated with the predicted metabolic clusters in early-lactation Holstein cows. The 
423 identified region overlaps with QTL regions reported for meat quality (Horodyska et al., 
424 2015), milk fatty acid profiles (Bouwman et al., 2011) and dry matter intake in cattle (Tetens 
425 et al., 2014). The identified region was mapped inside ANK1 and miR-486 genes. The 
426 association between ANK1 and miR-486 genes with the predicted metabolic clusters may be 
427 partly explained by their regulating roles in hematopoiesis (Sureshchandra et al., 2016), 
428 erythropoiesis (Wang et al., 2015b), and mammary gland development (Li et al., 2015). 
429 ANK1 is a large (~240 kb) gene that encodes the adapter protein ankyrin-1. The ankyrins act 
430 as adaptors among a variety of integral membrane proteins and the spectrin skeleton (Bennett 
431 and Baines, 2001), and play important roles in cell motility, proliferation and activation 
432 (Nelson and Lazarides, 1984). Ankyrin1, the prototype of the ankyrins, has been reported to 
433 be a hematopoiesis specific regulator (Sureshchandra et al., 2016). In human, genetic 
434 variants located within ANK1 have been reported to be associated with glycemic traits, 
435 impaired insulin release and type 2 diabetes (Imamura et al., 2012, Morris et al., 2012). In 
436 cattle, ANK1 gene has been reported to be associated with meat quality, milk protein and 
437 rump conformation (Kolbehdari et al., 2008, Horodyska et al., 2015, Cai et al., 2018). Tetens 
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438 et al. (2014) reported a QTL for DMI, as a correlated trait with metabolic adaptation in dairy 
439 cows, mapped on ANK1. SNPs in the ANK1 promoter have also been reported to be 
440 associated with intramuscular fat in bovine and porcine tissues (Aslan et al., 2010, Aslan et 
441 al., 2012). miR-486 is a microRNA (miRNA). miRNAs are small (~22 nucleotides) non-
442 coding RNAs that regulate many fundamental biological processes primarily through 
443 affecting both the stability and translation of mRNAs (Bartel, 2004). miR-486 is located 
444 within the last intron of ANK1 that is common to all transcripts and could be co-transcribed 
445 with any or all variants (Tessema et al., 2017). There is evidence indicating potential co-
446 transcription and co-regulation of ANK1 and miR-486 (Gallagher et al., 2000, Shaham et al., 
447 2015, Tessema et al., 2017). In humans, biological links have been reported between 
448 the miR-486 locus and metabolic disorders including type 2 diabetes and obesity (Valsesia 
449 et al., 2019). A significant association between residual feed intake and the expression 
450 level of miR-486 has been reported in cattle (De Oliveira et al., 2018) and pig (Jing et al., 
451 2015). Mammary gland development is controlled by multiple genes including miRNAs 
452 (Piao and Ma, 2012). Li et al. (2015) reported that miR-486 is expressed in both bovine 
453 mammary gland tissues and in mammary epithelial cells and regulates lactation. miR-486 
454 was also identified as a downstream regulator of PTEN (phosphatase and tensin homolog) 
455 that is required for the development of the cow mammary gland (Li et al., 2015).
456
457 CONCLUSION
458 The aim of the present study was to detect genomic region(s) associated with metabolic 
459 clusters in early-lactation Holstein cows. Blood metabolites (experiment I) and Fourier-
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460 transform mid-infrared (FT-MIR) spectra of milk (experiment II) were used to predict 
461 metabolic clusters (BALANCED vs. OTHER) for, respectively, 105 and 4,267 Holstein 
462 dairy cows. The results of experiment I revealed eight SNPs (on BTA11, BTA23 and BTAX) 
463 associated with the predicted metabolic clusters at the suggestive genome-wide significance 
464 threshold. Considering the results of experiment II, it can be concluded that metabolic 
465 clusters predicted based on FT-MIR spectra in milk samples collected during early lactation 
466 is a highly polygenic trait regulated by many small-sized effects. The region of 36,258 to 
467 36,295 kb on BTA27 was the highly associated region for the predicted metabolic clusters, 
468 with the closest genes to this region (ANK1 andmiR-486) being related to hematopoiesis, 
469 erythropoiesis, and mammary gland development and having been reported to be related to 
470 DMI and RFI in cattle and swine. The heritability (0.17) of the predicted metabolic clusters 
471 indicates that its genetic variation is large enough to alter it through genetic selection. The 
472 SNPs of importance detected from this study, could be used to provide weight information 
473 to the SNPs for future genomic prediction for the metabolic clusters.
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737 Table 1. Single nucleotide polymorphisms (SNP) detected by genome-wide association study 
738 (GWAS) for BALANCED vs. OTHER metabolic clusters1 (Experiment I).
SNP 2 BTA3 Position4 P 5 MAF 6 100 kb flanking genes7
BovineHD1100021914 11 76586236 1.8 × 10-7 0.367 (T/C) ---
BovineHD1100022178 11 77436574 1.6 × 10-7 0.371 (TC) MIR2285AF-1 (27,582), 
LOC104973434 (inside), 
LOC785416 (56419)
BovineHD2300013006 23 44852748 5.9 × 10-7 0.371 (GA) LOC101906324 (88,276), 
NEDD9 (inside)
BovineHD2300013034 23 44937247 5.9 × 10-7 0.371 (TC) SMIM13 (83,227), 
LOC104969831 (51,090), 
NEDD9 (inside)
BovineHD3000005706 30 17232546 2.1 × 10-7 0.252 (GA) MIR6526-3 (19,914), GPC4 
(37,007), GPC3 (72,982) 
BovineHD3000005716 30 17257114 3.8 × 10-7 0.252 (AG) MIR6526-3 (44,482), GPC4 
(61,575), GPC3 (48,414) 
BovineHD3000005723 30 17277730 3.8 × 10-7 0.371 (AG) MIR6526-3 (65,098), GPC4 
(82,191), GPC3 (27,798) 
BovineHD3000005726 30 17216072 9.6 × 10-7 0.257 (GT) MIR6526-3 (3,440), GPC4 
(20,533), GPC3 (89,456) 
739 1BALANCED and OTHER metabolic clusters were created using k-means clustering based on log-
740 transformed and standardized concentrations of glucose, IGF-1, FFA and BHB in blood samples 
741 taken from 105 multiparous Holstein dairy cows around 14 and 35 DIM.
742 2Single nucleotide polymorphism name.
743 3Bos taurus chromosome number
744 4Position of the SNP on the chromosome.
745 5P value of the mixed model for single SNP association analysis.
746 6Minor allele frequency and two alleles for the SNP.
747 7Genes in 1.0-Mb flanking regions of SNP position. Numbers in parentheses represent the physical 
748 distance (in base pairs) between the SNP and the corresponding genes. Official gene symbol 
749 (Assembly UMD3.1, annotation release 103).
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750 Table 2. The association of predicted metabolic clusters1 (BALANCED vs. OTHER) with daily milk 
751 yield, fat-and protein-corrected milk (FPCM) yield, fat percentage, protein percentage, fat yield, 
752 protein yield, fat + protein yield, fat to protein ratio and milk SCS during entire period of lactation. 
Item BALANCED OTHER
Milk yield (kg/d) LSM (SE) 32.8 (1.89)b 33.5 (1.89)a
FPCM (kg/d) LSM (SE) 35.1 (1.70)a 34.7 (1.69)a
Fat percentage (%) 4.51 (0.17)a 4.24 (0.17)b
Protein percentage (%) 3.64 (0.09)a 3.61 (0.09)b
Fat yield (kg/d) LSM (SE) 1.46 (0.07)a 1.40(0.07)b
Protein yield (kg/d) LSM (SE) 1.18 (0.06)b 1.19 (0.06)a
Fat + protein yield (kg/d) LSM (SE) 2.64 (0.12)a 2.59 (0.12)b
Fat to protein ratio 1.24 (0.03)a 1.18 (0.03)b
Milk SCS 3.72(0.18)a 3.73 (0.18)a
753 a,b Least squares means with different superscripts differ (P < 0.05).
754 1.Milk samples collected starting from the first week in milk until 50 days in milk (DIM) were used 
755 to determine Fourier-transform mid-infrared (FT-MIR) spectra and subsequently used to predict 
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771 Figure 1. Manhattan and Q-Q plots of SNPs associated with the predicted metabolic clusters along 
772 with those for the metabolites (concentrations of BHB, glucose, IGF-1, and FFA and in blood 
773 samples) used to create the clusters. The horizontal red and blue lines in the Manhattan plots indicate 
774 the genome-wide significance threshold (-log10(8.7 × 10-8)), and suggestive significance threshold 
775 (-log10(1.74 × 10-6)). The metabolic clusters were created using k-means clustering based on log-
776 transformed and standardized concentrations of glucose, IGF-1, FFA and BHB in blood samples 
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Figure 2: Linkage disequilibrium between 26 SNPs (on BTAX position 17.2-17.3 Mb) including four SNPs associated with the predicted metabolic clusters. 
The color scale ranges from red to white (color intensity decreases with decreasing r2 value) (Experiment I).
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Figure 3. Daily milk yield (A), daily fat- and protein-corrected milk (FPCM) yield (B), milk fat percentage (C), milk protein percentage (D), daily fat 
yield (E), daily protein yield (F), daily fat+protein yield (G), and fat to protein ratio (H) in cows with a BALANCED (continuous line) and those with an 
OTHER (dashed line) metabolic cluster. Milk samples collected starting from the first week in milk until 50 days in milk were used to determine Fourier-
transform mid-infrared (FT-MIR) spectra to classify the animals in identical metabolic clusters, BALANCED versus OTHER (Experiment II).
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Figure 4. Additive genetic variance explained by windows of 1-, 5-, 10-, 15-, 20-, and 25-adjacents SNP across chromosomes for metabolic adaptations 
in early-lactation Holstein cows (Experiment II).
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